Abstract. This paper presents a method for the design of manufacturing networks focused on the production of personalised goods. The method, which is implemented to a software tool, comprises of a mechanism for the generation and evaluation of manufacturing network alternative configurations. An exhaustive search and an intelligent search algorithm are used, for the identification of efficient configurations. Multiple conflicting user-defined criteria are used in the evaluation, including cost, time, CO 2 emissions, energy consumption and quality. Discrete Event Simulation models of manufacturing networks are simulated for the calculation of performance indicators of flexibility, throughput and work-in-process, and are used for assessing the performance of centralised and decentralised networks. The results obtained through the exhaustive and intelligent search methods are compared. The applicability of the method is tested on a real-life industrial pilot case utilising data from an automotive manufacturer.
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Introduction and State of the Art
The market globalisation trend causes the decentralisation and internationalisation of supply chains and of manufacturing activities [1] . Increased outsourcing is realised by Original Equipment Manufacturers (OEMs) leading to the formation of strong cooperation bonds with their suppliers that have to be coordinated and aligned towards achieving common goals. Innovative production concepts replaced traditional network structures [2] . Moreover, customers demanded personalised products, available at low prices and high quality, at the right time [3] . The demand volatility calls for systems that efficiently deal with uncertainty in inventory planning [4] . Also, globalisation increased CO 2 emissions primarily due to production electricity generation methods used [5] . The need for designing and planning efficient manufacturing networks in today's landscape is evident [6] . Current approaches tackle the manufacturing network configuration problem using mathematical programming, bound computation, heuristics, meta-heuristics and sensitivity/stability analysis [7] . Computer simulation, nevertheless, has been indispensable for evaluating what-if scenarios for the design and planning problem of manufacturing networks. Discrete Event Simulation (DES) is a necessary tool in order to assess performance indices of dynamic system behaviour [8] [9] . Many approaches have been proposed for dynamic manufacturing network management using simulation techniques. A continuous modelling approach for supply chain simulation was applied in the automotive industry and depicted that initial inventory levels and demand fluctuation can create delivery shortages and increased lead times [10] . A DES approach that included a decision-making mechanism was presented in [11] . However, it did not indicate the best configurations of the supply chain but was utilised for identifying potential solutions. A simulation approach that uses meta-heuristics was tested on a newspaper production and distribution problem. The applicability of the method however, was not validated through a real manufacturing problem [12] . The proposed approach in this paper includes a macroscopic investigation of the performance of manufacturing network measured in terms of flexibility, annual throughout and Work-in-Process (WIP) for the identification of efficient configurations for the manufacturing and transportation of personalised products. Concluding, the proven NP-hard problem of identifying efficient manufacturing network configurations [13] requires intelligent methods in combination with simulation [14] .
The contribution of the suggested approach can be found in the following. The decision-making mechanism is tightly integrated with the simulation engine because the best alternative schemes that derive from the first comprise the input to the latter. Moreover, the Intelligent Search Algorithm (ISA) that uses three adjustable control parameters is presented and compared to an exhaustive method. ISA is an artificial intelligent search method that is utilised for identifying high quality solutions in a timely manner. ISA can be valuable in cases when exhaustive search is non-feasible due to the required computational effort introduced by the magnitude of the search space [7] [15] . Additionally, centralised and decentralised manufacturing networks are compared regarding their performance under highly personalised product demand. Finally, the method is tested on a real-life industrial case utilising data from an automotive manufacturer.
Manufacturing Network and Product Modelling
The manufacturing network models under investigation consist of traditional centralised manufacturing network (CMN) structures, where assembly tasks can only be performed by the OEM at specific plants and decentralised manufacturing networks (DMN), where, a set of suppliers and dealers (partners) can perform personalisation tasks (e.g. application of the wrap cast carbon) ( Fig. 1 ) [15] . The personalised product under investigation is a hood and a door of a commercial car. The personalisation options are the addition of a custom sticker, a personalised image and a cast carbon wrap. 
Design and Planning Method
The decision-making method includes resource-task assignments. The algorithms used in this procedure are either an Exhaustive Search (EXS) or the ISA. EXS generates the entire search space and identifies the best alternative. Thus, EXS is computationally intensive. ISA is an artificial intelligence search method that utilises three adjustable control parameters [15] , namely: SNA (Selected Number of Alternatives) that controls the breadth of the search, DH (Decision Horizon) that controls the depth of the search and SR (Sampling Rate) that guides the search towards high quality paths. The steps of the decision-making method are: a) form a set of alternatives, b) determine the decision-making criteria, c) calculate the utility value of alternatives, and d) select the best alternative [16] [17] . Multiple conflicting criteria are considered simultaneously, based on the design and planning objectives. The best identified schemes are fed into the simulator. Fig. 3 depicts the input-output data and the workflow of the method.
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Criteria
The quality of the schemes is quantified by the means of the following criteria: 
where: Pck: cost of task k (k=1,2,…K), Tr Cr : cost of route r (r=1,2…R), Pt: processing time, Tt: transportation time, St: setup time, EC T : the sum of the energy due to transportation (J), D: transportation distance (km), TC: energy consumption per kilometre (J/km) 21, EC P : the sum of the energy for all the processes (J), RW: the Watts of the resource (J/s), grams of CO 2 emissions/Km 21, N: number of products in one truck, QL k : the quality of the supplier that performs the task k, AP i : the annual production volume for the i th year of simulation and n y : the number of years (simulation period), Q i : the eigenvalues of the system.
Results and Discussion
As a resource, a selection of machines that are responsible for performing a task (e.g. production of the basic hood) is assumed. The volatile demand profile, as provided by the automotive manufacturer for the simulation experiments, is depicted in Table 1 . The computer simulation experiments were performed on an Intel TM i7 3.4GHz computer with 8GB of RAM. Fig. 4 depicts that there is a strong correlation between the Total Number of Alternatives (TNA) and the required Computation Time (CT). The TNA especially in the case of L10 has a difference of 3 orders of magnitude from the L9 case. In the case of L8, the EXS execution was non-feasible due to computational constraints i.e. depletion of the available system memory. It is obvious that the ISA is the preferred method is cases with very large TNA. It is also noted that the CT for L9 and L10 is a projection based on the calculated TNA for these cases.
The values of the criteria the derived from the experiments are included in Fig. 5 . Especially for the production of highly personalised products (L8), the Decentralised Manufacturing Network (DMN) depicts significantly reduced criteria values compared to the Centralised Manufacturing Network (CMN). In addition, the ISA yields results that belong to the 10% of the best solutions, in terms of utility value (derived from the EXS). Indicatively, the ISA yielded a high quality solution with 23.3% more cost, requiring however, one 1,026 times less CT than the EXS (pie-chart in Fig. 5 ). In realistic manufacturing cases, EXS is highly ineffective because TNA may be calculated in the order of billions. Thus, a timely and efficient solution can only be then obtained through the utilisation of the ISA. As a result, depending on the design and planning objectives, a trade-off between the time for obtaining the solution and its quality is necessary. The best configurations identified by the EXS were modelled in a simulator for the calculation of the flexibility, annual throughput and WIP (Fig. 6) . The physical "as-is" manufacturing network was first modelled as a digital DES model. This initial model was verified through simulation and any bottlenecks were identified. Afterwards, the 1E+00  1E+01  1E+02  1E+03  1E+04  1E+05  1E+06  1E+07  1E+08  1E+09  1E+10   1E+00  1E+01  1E+02  1E+03  1E+04  1E+05  1E+06  1E+07  1E+08  1E+09  1E+10  1E+11  1E+12   L5  L6  L7  L8  L9  L10 CT ( truck capacity as well as the buffer sizes were adjusted in all DES models, considering the volume of products and weight constraints. As a result, the transportation and storing activities were optimised in order to minimise idle times and improve machine utilisation. Finally, the initial stock was zero, thus, a ramp-up phase was included in all simulation experiments for the DMN and CMN and for the various LoPs.
Fig. 6. Calculated Indicators for CMN and DMN configurations for the different LoPs
The simulation results depict that the flexibility indices of the CMN configurations are higher for non-customised products, whereas as the LoP increases, DMN displays higher flexibility. The annual throughput follows the same trend. For non-customised products, the CMN is more productive than the DMN ones and as the LoP increases the latter are more productive. The WIP is increasing as the LoP increases for both the CMN and DMN, due to the fact that the number of required processes increases for the production of the final assembly.
5
Conclusions and Future Work
The work presented in this paper can support decision-makers during the design of efficient manufacturing network configurations focused on the production of personalised products. The computer simulation experiments depicted the advantages of the decentralised configurations, especially as the LoP increased. The calculated performance indicators of Annual Throughput, Flexibility and Work-in-Process revealed the superiority of the DMN configurations over the CMN under the same personalised product demand. For the case of non-customised products, the CMN configuration yielded better results, as was expected, because traditional CMN configuration were formed to satisfy the needs of mass production, where predictions regarding product demand were reasonably accurate. Moreover, the ISA supported the identification of high quality solutions in cases were an EXS was not feasible to be performed due to the required computation burden. More specifically, the EXS, in the case of the fully personalised product (L8 variant), yielded a result in 2.340 minutes, a non-optimum scenario for real-life manufacturing terms. On the other hand, the ISA yielded high quality results with a deviation of 10,39% in the utility value from the best solution obtained from EXS in 3 minutes, a difference of 3 orders of magnitude. Future work will focus on extending the capabilities of the method. At first the procedure of feeding alternative manufacturing network configurations (DES models) in the simulation engine will be automated. Moreover, additional flexibility indicators will be used for assessing the alternative network configurations. A webbased mechanism for the automatic calculation of the distances between the autonomous manufacturing network entities will be incorporated. Finally, the method will be deployed into a web-based tool.
